Objective. To evaluate the impact of Kentucky's full rollout of the Affordable Care Act on disparities in access to care due to poverty. Data Source. Restricted version of the Behavioral Risk Factor Surveillance System (BRFSS) for Kentucky and years 2011-2015. Study Design. We use a difference-in-differences framework to compare trends before and after implementation of the Affordable Care Act (ACA) in health insurance coverage, several access measures, and health care utilization for residents in higher versus lower poverty ZIP codes. Principal Findings. Much of the reduction in Kentucky's uninsured rate appears driven by large uptakes in coverage from areas with higher concentrations of poverty. Residents in high-poverty communities experienced larger reductions, 8 percentage points (pp) in uninsured status and 7.5 pp in reporting unmet needs due to costs, than residents of lower poverty areas. These effects helped remove pre-ACA disparities in uninsured rates across these areas. Conclusion. Because we observe positive effects on coverage and reductions in financial barriers to care among those from poorer communities, our findings suggest that expanding Medicaid helps address the health care needs of the impoverished.
, reductions in medical debt and other financial barriers associated with medical care (Boudreaux, Golberstein, and McAlpine 2016) , and ultimately improved health outcomes in the long run (Kaestner, Joyce, and Racine 2001) . Early evaluations of the ACA provisions find substantial uptakes in insurance participation and possible improved access to care among the low-income population (Sommers, Baicker, and Epstein 2012; Sabik, Tarazi, and Bradley 2015; Sommers et al. 2015a; Benitez, Creel, and Jennings 2016a; . Coinciding with the timing of Kentucky's Medicaid expansion, the uninsured rate among households with annual incomes below $25,000 dropped from 35 percent in 2013 to almost 10 percent by the end of 2014 (Benitez, Creel, and Jennings 2016a) ; similarly, the same households also saw a 50 percent reduction in the fraction of people foregoing needed medical care due to cost constraints.
Little is known, however, about the impact of the ACA on disparities, although evidence on linking pre-ACA Medicaid expansions to reductions in preventable deaths exists (Sommers, Baicker, and Epstein 2012) , and other work suggests such expansions are making screening and follow-up procedures for cancer more affordable (Choi et al. 2015) . Medicaid and CHIP have already been shown to have an effect on alleviating the burden of high medical expenses (Gross and Notowidigdo 2011; Sommers and Oellerich 2013; Wherry, Kenney, and Sommers 2016) , which may increase the share of the low-income population with chronic conditions who then have the ability to afford adequate chronic disease management (Garfield and Damico 2012) .
Using Kentucky as a case example to study the effects of the ACA across geographic areas holds lessons for policy makers weighing the costs and benefits of ACA participation. If impacts vary significantly across geographic areas of one state, for example, this could add to the growing literature on sources of upward income mobility related to location (Chetty et al. 2016) . We focus on the timing of the rollout of the health insurance exchange as well as the expansion's effects on disparities in the first two full years of health care reform under the ACA. Our study draws similar parallels to other recent work highlighting the impact of the ACA on health disparities (Chen et al. 2016 ) using regional variation in concentrated poverty to investigate whether Kentucky's full participation in the ACA may have facilitated closing gaps in coverage, access, and health care utilization between high-and low-income communities. Concentrated poverty is commonly accepted as a key social determinant of health correlated with adverse outcomes (Auchincloss and Hadden 2002; Schulz et al. 2002; Bower et al. 2014; Gaskin et al. 2014) ; our analysis may provide a way to determine whether the ACA's rollout can help overcome the adverse health implications of income inequality.
METHODOLOGY

Data
Our study outcomes include trends in insurance coverage, financial barriers to seeking/utilizing health care, primary care utilization, and self-reported health status. We obtained a special version of the Behavioral Risk Factor Surveillance System (KY-BRFSS) from Kentucky's Department for Public Health with county and ZIP code identifiers for sample observations (Kentucky Cabinet for Health and Family Services 2016).
1 We use 2011 We use -2015 waves of the data so we are able to observe pre-implementation (2011) (2012) (2013) trends of the outcomes and 2 years of postimplementation data (2014) (2015) . Poverty rates from the ZIP code level were obtained from the American Community Survey 5-year estimates for 2009-2013 (U.S. Census Bureau 2016). Because geographic poverty rates tend to be fairly static over short intervals of time, we expect our approach to inform what we know about the reform's effects on disparities at the community level. While the data are based on microdata, our key point of variation is at the ZIP code of the resident's home address-which we then use to define our treatment groups.
Empirical Approach
To identify the impacts by geographic area, we utilized the area variation in poverty levels and completed a difference-in-differences-styled regression approach. Specifically, we exploit ZIP code-level variation in the fraction living below the poverty line to identify treatment and control groups. This approach draws some inspiration from others utilizing geographic variation in treatment group "intensity" to examine the effects of other reforms. In particular, Courtemanche et al.'s approach to capture the effects of the both the Medicaid and non-Medicaid (e.g., the state-based and federally facilitated exchanges) components of the ACA's coverage expansions by allowing for more "intense" uptake of the new benefit in areas with a previously higher uninsured rate . In their approach, the authors use geographic variation in uninsured rates at the Public Use Microdata Area level to capture treatment intensity of the policy changes. In contrast, our geographic variation comes from the ZIP code level, representing a much smaller geographic area so we can make inferences about group-level trend changes within a single state.
2 While this approach does not exploit variation in preexpansion coverage rates for identification, comparing the trends along poverty lines may be a better indicator of the ACA's role in minimizing low income as a barrier to quality health care. We address the possible endogeneity of reported income using the prerollout poverty status of the respondent's community to characterize our treatment and control groups. When state-level policy decisions alter the eligibility restrictions for publicly sponsored programs such as Medicaid or incomebased tax incentives, they alter the incentives for wage earning activity and could potentially distort the labor market (Yelowitz 1995; Garthwaite, Gross, and Notowidigdo 2014) . If some in our sample are incentivized to "reduce" their actual income by altering their participation in the labor market by working fewer hours or exiting the labor market altogether, this would lead to concerns with endogeneity.
3 While a recent study finds this phenomenon not to be true , an analysis of Massachusetts' 2006 health care reform suggests its plausibility (Shi 2016 ) and yet another suggests this potential problem may be overstated (Hinde 2016) . One limitation with our data source is that the BRFSS does not collect information on Medicaid status; therefore, we can only observe whether the respondent had any insurance coverage at the time of the survey. Because of this limitation, we cannot infer whether reductions in uninsured rate were driven by the expanded Medicaid eligibility or whether it was from uptakes in private health insurance coverage. Also, because the BRFSS uses categorical groupings rather than including a continuous measure of income, we cannot precisely determine the residents' eligibility for Medicaid-either traditional or expanded Medicaid under the ACA or eligibility status for tax incentives to purchase coverage through the state health insurance exchange.
Our approach provides a first-year monitoring of the ACA's implications for changes in disparities in coverage and access across geographic areas differing in poverty level. The difference-in-differences model used to assess these trends allows for both a changing trend in outcomes for the high-poverty communities, as well as a separate trend for the low-poverty areas. Allowing these trends to be independent of one another means that reduction in disparities can be driven by the groups experiencing trend changes converging on one another as the policy is implemented and time elapses. A desirable outcome is for the trend lines of the two groups to collapse on one another but to then trend in the same direction. The primary regression model specification is detailed in the equation below:
The above equation extends the traditional difference-in-differences approach by allowing for two postpolicy indicators that allow us to better assess changes in the trends throughout the postimplementation period. Y hzt represents the outcome of interest while subscript i indexes the individual/ household, z indexes the ZIP code where the observation resides, and t references time. High Poverty z indicates the observation was sampled from a ZIP code whose 2013 poverty rate was above the median poverty level (i.e., 20 percent), and observations from ZIP codes whose 2013 poverty rates were below this 20 percent rate are classified as "low poverty" observations and act as our reference group.
The interaction terms High Poverty Â Year 2014 zt and High Poverty Â Year 2015 zt are the variables of interest; thus, q and s are the policy parameters reflecting the percentage point (pp) change in the outcome for adults in higher poverty areas from 2013 to 2014 and 2013 to 2015. On October 1, 2013, the rollout of the nongroup insurance marketplace (i.e., exchanges) began, and while this period is the open enrollment period for the plans purchased in the exchanges, coverage benefits were not effective until January 1, 2014, as were new Medicaid enrollments under expansion. Hence, we should not observe any meaningful changes in 2013 and earlier work from Kentucky finds the largest uptakes in coverage occurred toward the tail end of the year, with the most substantial reductions on financial obstacles to medical care occurring in the fourth quarter (Benitez, Creel, and Jennings 2016a) . Controls in the model include individual-/household-level controls for age, marital status, parental status, and household size. ZIP codelevel fixed effects (h z ) to account for time-invariant differences in access to or the propensity to take up insurance coverage that are correlated with one's area of residence. Additionally, Kentucky has five Medicaid Managed Care Organizations (MCOs) operating in eight regions in Kentucky (Palmer et al. 2012 ; Kentucky Department for Medicaid Services 2016), and part of the patterns in coverage may be partly responsive to administrative differences between the dominant MCOs in a given region. Unique time-invariant geographic factors that could influence uptake and other access measures should be picked up in the ZIP code fixed effects in h z . Because unobservable time-varying factors attributable to where one lives could also influence coverage trends (e.g., some communities may have become target areas for enrollment assistance programs not available to other communities), we allow each ZIP code to have its own linear time trend, k zt . We expect this term to soak up variation across time that could also be correlated with changes at the neighborhood (i.e., ZIP code) as well as subtler local changes common across all residents within a ZIP code that could also explain disparities.
Because we are more concerned with the ACA's impact across poverty lines, we consider the following regression specification to better assess the impacts of the ACA by group-level poverty:
To summarize the ACA's effects, we focus on the changes at the end of 2014 and 2015-the first full implementation year and the second year. Observations residing in the second, third, and fourth (i.e., highest) quartiles of 2013 (i.e., pre-implementation) ZIP code-level poverty are allowed to trend independently from one another against ZIP codes with the lowest concentrations of poverty (i.e., first quartile) as coverage uptake and access effects are unlikely to be the same across groups based on their income-or in this case povertyat the community level. The basic structure of equation (2) is similar to equation (1); however, having six difference-in-differences estimators to consider offers a more finely differentiated approach than simply cutting the data at the median poverty rate.
All regressions use standard errors clustered at the ZIP code level because observations sampled from the same community are likely to be correlated with one another. To account for the BRFSS's complex sampling design, we incorporate the recommended survey weights. We exclude observations from the sample with missing ZIP code identifiers. A large share of observations with missing geographic identifiers may lead to having a study sample not reflective of the state's population; however, only 19 (i.e., 2.5 percent) of Kentucky's 769 total U.S. Postal Service ZIP codes, as of 2014, were not present in the sample. 4 All 120 Kentucky counties were represented in the sample and 44 percent dwelled in rural counties (Economic Research Service 2013).
Our empirical strategy assumes the disparate "gaps" between our poverty-based groups would have remained had it not been for Kentucky's full participation in the ACA; therefore, our results would be biased if there was any evidence of pre-implementation changes in coverage. We test for parallel trends between quantile group outlined in equations (1) and (2), and do not find evidence to suggest the parallel trends assumption was violated. Table 1 shows the sociodemographic characteristics of the residents in higher versus lower level poverty areas. Per expectation, we see significantly higher levels of uninsured (24 vs. 19 percent) and unmet need (25 vs. 21 percent) among residents in the higher versus lower poverty areas prior to the ACA. Those in the poorer areas also report less access to care and poorer health. There are also systematic differences in family structure across these areas with residents in the higher poverty areas being less likely to be married and more likely to be childless adults. The larger share of childless adults in the higher poverty suggests their residents would be more susceptible to the rollout of the Medicaid expansion due to the lack of Medicaid coverage of this categorical eligibility group prior to the ACA. Classification of the areas by higher versus lower level poverty is consistent with a significantly higher percentage (39 vs. 24 percent) of observations with household income below $25,000.
RESULTS
6
Graphical Analysis Figure 1 presents the pre-ACA gaps coverage rates for residents in the higher versus lower poverty areas. In the post-ACA period, we see reduced uninsured in both areas due to the coverage mandate which applies to all residents, the availability of coverage options on the state's nongroup marketplace, and the Medicaid expansion. What is noteworthy from this visual inspection of the data is that in spite of a large reduction in the low-poverty areas, the mean uninsured rate among the high-poverty communities converged on the mean for the low-poverty areas, thus eliminating the pre-implementation gap in coverage rates between the two groups. Similarly, the ACA's effect on financial barriers in seeking health care led to the rate for the high-poverty communities approaching the rate for the low-poverty communities-also indicating that prereform disparities could be diminishing in response to the coverage expansions. 
Regression Analysis
The results of our econometric analyses are shown in Tables 2 and 3 and lower poverty areas. There are consistent, significant drops in uninsured in both areas in each postimplementation year, and while the decline in higher poverty areas is greater, the difference is not statistically significant until 2015.
The only other statistically significant (p < .10) result is a 7.5 percentage point difference in the level of unmet need due to costs for residents of higher versus lower poverty areas in 2015.
Based on the results in Table 2 , there are reductions in the fraction without a regular source of care in both groups, but there are no major differences between the trends for either group. The lack of significance could indicate that it took a while for the provider system to "catch up" with the increase in insured demand in high-poverty areas as some were "crowded out" of provider system at first. We would need a lot more information to substantiate this Note. *p < .10, **p < .05, ***p < .01. All regressions represent linear probability models for ease of interpretation, and the coefficients are scaled by 100 for presentation. Robust standard errors in parentheses are clustered at the ZIP code level. All regression models include controls for gender, marital status, parental status, age (and age squared to control for nonlinearities in the relationship between age and the dependent variable), racial/ethnic group, and level of educational attainment (i.e., BA/BS+ [reference group], less than high school completion, high school diploma or its equivalent, or some college/technical school training). Additional controls included present employment status and income. Time-invariant differences in levels of the outcome are adjusted for using ZIP code fixed effects. Because of unobservable yet potentially influential time-varying factors that could be correlated with the outcomes and where people live, we allow each ZIP code to have its own linear time trend. Source: Author's own analysis of 2011-2015 Kentucky Behavioral Risk Factor Surveillance System data.
assertion; however, this pattern is consistent with more recent findings by Sommers et al., who show that effects of the recent expansions become easier to identify the longer the expansion is in place . Note. *p < .10, **p < .05, ***p < .01. All regressions represent linear probability models for ease of interpretation, and the coefficients are scaled by 100 for presentation. Robust standard errors in parentheses are clustered at the ZIP code level. All regression models include controls for gender, marital status, parental status, age (and age squared to control for nonlinearities in the relationship between age and the dependent variable), racial/ethnic group, and educational attainment (i.e., BA/ BS+ [reference group], less than high school completion, high school diploma or its equivalent, or some college/technical school training). Additional controls included present employment status and income. Time-invariant differences in levels of the outcome are adjusted for using ZIP code fixed effects. Because of unobservable yet potentially influential time-varying factors that could be correlated with the outcomes and where people live, we allow each ZIP code to have its own linear time trend. Source: Author's own analysis of 2011-2015 Kentucky Behavioral Risk Factor Surveillance System data.
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In Table 3 , we present an additional analysis using the difference-in-differences approach to test for more subtle differences within the second, third, and fourth quartiles of poverty compared to the lowest quartile. Beyond those from the first quartile of poverty, the relatively poorer communities saw increased uptake in coverage between the first and second years after implementation. Focusing on the second year of implementation, the difference in the effect of the ACA increases from the second quartile of poverty (À13.6 pp; p < .01) to the third (À14.5 pp; p < .01) to the fourth quartile (À18 pp; p < .01). The major reductions in unmet medical needs due to costs were concentrated in the poorest (i.e., fourth quartile) areas of the state as the decline is À10.6 pp (p < .05) through 2014 and À9.5 pp (nonsignificant) through 2015. In addition to the effect on financial barriers to seeking care, residents of the poorest communities also saw meaningful increases in having a regular source of care (e.g., a primary care provider) in the first (10.6 pp [p < .05]) and second (14.5 pp [p < .10]) year of implementation, and by the second year, there was a 12 pp increase (p < .10) increase in the fraction who had a regular (e.g., scheduled) doctor visit in the past year.
DISCUSSION
Our study is the first, to our knowledge, to use substate variation in poverty levels to evaluate the heterogeneity in the ACA impacts. Ours are consistent with other findings suggesting large gains in coverage among the poor-poor children in particular . Our results show that full ACA implementation in Kentucky produced the largest benefits for Kentuckians living in areas with high concentrations of poverty. Residents in higher poverty communities experienced the largest reductions in uninsured status and in reporting unmet needs due to costs when compared to those in lower poverty areas. These effects have helped reduce the pre-ACA disparities in uninsured rates between low-income parts of Kentucky. The substate results have particular importance for continued state legislative debates around the ACA, especially with the uncertainty caused by the recent election. While full ACA implementation has reduced Kentucky's uninsured rate and lowered unmet need due to costs, the future of the ACA is in the hands of a new administration. Previous work has shown that state policy makers favor their own state data over national data (Blewett and Davern 2006) and that politics are "local," and our work represents an effort to move the area of analysis toward lawmakers' own geographic constituencies.
Increasing access to coverage options was realized among people in the state's poorest areas as evidenced by our findings. Aggregated data can muddle the existence of heterogeneity in the impact of a new policy, and we show pre-implementation concentrations in neighborhood poverty was a larger indicator of where some of the larger effects of the ACA were felt in Kentucky. 8 Kentucky's coverage expansion generated net increases in coverage enrollment and motivated subsequent improvements in access to care. We did not observe detectable improvements in health comparable to studies investigating other expansions in public health coverage (Finkelstein et al. 2012 ) despite having 2 years of postimplementation data. The Oregon Health Insurance Experiment (OHIE) provides a recent example of a state-based expansion in Medicaid eligibility followed by meaningful improvements in both self-reported and clinical health outcomes (Baicker and Finkelstein 2011; Finkelstein et al. 2012; Baicker et al. 2013) , although the OHIE was a randomized trial while our work was based on an observational study. Within Kentucky, it may also be too early to identify meaningful improvements in health status; however, given the promising results for coverage, access, and utilization among some of the economically vulnerable population, meaningful long-term effects in health and longevity may be on the horizon (Busch and Duchovny 2005; Sommers, Baicker, and Epstein 2012; Sommers unpublished data) . Pre-ACA Medicaid expansions for adults have been shown to produce reductions in mortality (Sommers, Baicker, and Epstein 2012) , and a recent review concluded that expansions of public insurance for children reduced out-of-pocket expenses, increased short-and long-run financial stability and family material well-being, decreased mortality due to chronic conditions, and led to better education attainment and less reliance on government support later in life (Wherry, Kenney, and Sommers 2016) . Our study is not without limitations; for one, analysis of a single state limits the generalizability of the findings-particularly to other states and even states with nominally similar expansions under the ACA. However, all state Medicaid programs are independent of one another and had differing structures regarding eligibility and benefits prior to the ACA. Our analysis of Kentucky provides an example of one state's experience under a traditional Medicaid expansion. We cannot generalize to other expansion states (e.g., Arkansas, Indiana, and Michigan) using a waiver from the Centers for Medicare and Medicaid Services (CMS) to implement alternative strategies to expand Medicaid eligibility, although our results suggest people benefitting most from the expansions were among those in most need.
CONCLUSIONS
The results presented in this study help shed more light on the implications of expanding Medicaid on disparities in access to care and health insurance coverage. When Kentucky expanded Medicaid in 2014, not only did uptakes in insurance coverage occur, but the uptakes were generally larger in areas with higher concentrations of poverty; hence, areas most likely benefiting are poorer on average and signaling some of the realized value from expanding Medicaid eligibility. Our results suggest expanding access to Medicaid coverage has the potential to address existing disparities in access to care along the income gap. As the effects of Kentucky's expansion continue to unfold, those concerned with the role of Medicaid as a tool to improve social welfare may be able to use this iteration of Kentucky's ACA involvement as a case study. While disparities are likely to persist in several dimensions for vulnerable populations such as the poor, this work offers an assessment of policy levers as a partial solution. Future work in this area should investigate the impact of the recent Medicaid expansions and related ACA provisions in the context of reducing disparities in health. Additional work can also help to assess the longevity of these first-year effects determining whether they translate into long-term health gains.
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NOTES
1. This special version of the BRFSS contains county and ZIP code-level identifiers for more than 95 percent of the survey's respondents, which allow us to more precisely compare the differential effects of health care reform on residents in some of Kentucky's arguably poorest communities against those from communities with lower levels of concentrated poverty. County-level identifiers (i.e., State-County FIPS codes) are not commonly available for the public use version of the 50-state BRFSS, and it does contain ZIP code identifiers. Residential ZIP codes were available for almost 98 percent of the initial sample of nonelderly adults aged 18-64. Because this represents such a small fraction (around 2.4 percent) of the sample, we do not expect the findings to be meaningfully influenced by excluding these observations. 2. PUMAs are statistical geographic areas for the purposes of analyzing census data such as the ACS and the Current Population Survey (CPS). 3. In nonexpansion states, it is plausible for the opposite to occur because the incomebased tax credits for purchasing coverage in the exchanges have a minimum income threshold at 100 percent FPL, most frequently, and people below the income floor would be incentivized to increase their labor market participation by working more hours so they would have earned enough income to qualify for the tax breaks. 4. Another plausible reason certain ZIP codes may have not been present in the KY-BRFSS is some of them may have belonged to institutions or businesses that have a single ZIP code for themselves; therefore, some of the omitted ZIP codes could plausibly be nonresidential ZIP codes. 5. Table S1 in Appendix SA2 provides the regression results testing for parallel trends between the strata based on ZIP code-level poverty for each approach: (1) cutting the data at the median percent poverty (20.5 percent); and (2) dividing the data based on the quartiles for ZIP code-level poverty. Regressions focused on the joint significance of the interaction between the group indicator and the linear year trend, and the p-value from each regression was >.10 for each of the outcomes. 6. To conserve space, we provide summary characteristics of the sample by quartile of poverty at the ZIP code level as a supplement in the Appendix SA2 (see Table S2 ). Unsurprisingly, people in the highest quartile of poverty had a larger share of people with incomes below $25,000 and $15,000 per year in addition to being uninsured. Comparatively, people in the more impoverished areas were more likely to have at least one chronic illness and report being in poor health. Furthermore, as we think about this group also having the largest share to have faced a financial barrier to seeking needed health care, there are likely to be people with difficulty managing their chronic illness because they lack the financial means to follow the recommended treatments, and to some extent will be assisted largely due to the Commonwealth's coverage expansions. 7. Table S3 in Appendix SA2 provides a similar analysis using a flexible differencein-differences approach whereby we interact the postimplementation variables with the 2013 poverty rates. The results highlight a similar pattern to the main results presented in the text, which we use as an additional robustness check on the specification of our model. 8. In addition to our regression tables presented in the main text of the manuscript, we also include Table S2 in Appendix SA2, which includes an analysis of a flexible difference-in-differences approach where we interact the year 2014 and 2015 variables with the 2013 poverty rate for the ZIP code. This approach is to support our underlying hypothesis that it was poorer communities, on average, who experienced a larger impact from the ACA rollout, and inspection of the interaction terms in this approach
